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a b s t r a c t
The paper provides an exploratory analysis of the research networks linking scientists working in an open
science environment, and researchers involved in the private technology domain. The study combines
data on scientific co-authorship with data on patent co-invention, at the level of individual researchers,
for three science-intensive technology fields, i.e. lasers, semiconductors and biotechnology, in order to
assess the extent of the overlap between the two communities and to identify the role of key individuals
in the process of knowledge transfer. Our findings reveal that the extent of the connectedness among
scientists and inventors is rather large, and that particular individuals, i.e. authors-inventors, who act
as gatekeepers and bridge the boundaries between the two domains, are fundamental to ensuring this
connectivity. These individuals tend to occupy prominent positions in the scientific and the technological
networks. However, our results also show maintaining a very central position in the scientific network
may come at the expense of being able to fill a similarly central position in a technological network (and
vice versa). Finally, preliminary analysis of the institutional origins of authors-inventors shows that one
characteristic, distinctive of Europe compared to the United States, is associated with the relatively lower
involvement of corporate scientists at the intersection between the two worlds of science and technology.
© 2009 Elsevier B.V. All rights reserved.

1. Introduction
The relationships between science and technology have long
been and continue to be the subject of intense debate both within
academia and in the society. The idea that science and technology
co-evolve and interact in rather complex ways has replaced the
old linear model in which the progress of science was essentially
exogenous and technological advances were merely the outcomes
of applied research and development (R&D) efforts. Much of the
empirical evidence collected since the mid 1980s supports this new
thinking in documenting a tightening of the links between technological innovation and scientific research. Moreover, the perception
that technological developments and scientific advancements are
increasingly interdependent is affecting the design of public policies. Many governments around the world are looking for ways to
encourage technology transfer from university to industry, through
measures and instruments aimed at supporting academic scientists
to assume more entrepreneurial attitudes, particularly through the
enforcement of intellectual property rights over their discoveries.
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Against this background, the development of new empirical approaches to capture the complex set of interactions
between science and technology seems particularly important.
Notwithstanding recent advances in the measurement of sciencetechnology linkages, the extent of the connectivity between the
communities of scientists and technologists has not been explored
in detail. Although scientific and technological research networks
represent distinctive social structures responding to different
norms of behaviour and different reward systems, it has been noted
that they can co-exist and interconnect in various ways (Dasgupta
and David, 1994; David et al., 1999). In this respect, mapping the
structure of these networks and assessing the degree of overlap
between them may contribute greatly to our understanding of
the processes underlying knowledge transfer and to the design of
better policy instruments to support them. In spite of the recurrent use of network metaphors in much of the ongoing debate on
university–industry relationships, there is a need for more systematic empirical analyses of the networks linking scientists working
in the realm of open science and researchers involved in the private technology domain. The objective of this paper is to provide an
exploratory analysis of the intersection and overlap between these
networks and the simultaneous embeddedness of an individual
researcher within them. We exploit a large scale data set containing
full bibliographic information taken from patent applications and
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scientific publications cited in patents, for three science-intensive
technology fields, i.e. lasers, semiconductors and biotechnology.
We examine co-authorship and co-invention data, using the analytical tools of social network analysis, to assess the extent of
connectedness among the two communities of researchers and to
investigate the position of individual scientists in these research
networks. The paper is organised as follows. Section 2 provides a
short review of the empirical literature which attempts to trace
the linkages between science and technology, with a focus on the
role of patenting-publishing scientists. Section 3 describes the basic
methodological framework and the strategy adopted to collect the
empirical data. Section 4 illustrates and discusses the main findings,
Section 5 concludes.

2. Background literature
2.1. Tracing the links between science and technology
The increasing interdependencies and interactions between science and technology have been measured and documented in
several studies with the use of different empirical indicators. A
line of research pioneered by Francis Narin and colleagues exploits
information on references to scientific articles contained in patent
documents, which shows an increasing reliance of private technology on public science (Narin and Noma, 1985; Narin et al., 1997;
McMillan et al., 2000; Hicks et al., 2001; Tijssen, 2001; Branstetter
and Ogura, 2005). A related line of enquiry investigates the patterns
of scientific paper co-authorship among academic and corporate
scientists, and provides evidence of increasing levels of collaboration across organisational boundaries (Hicks, 1995; Calvert and
Patel, 2003; Tijssen, 2004).
A different stream of research attempts to assess the direct
contribution of universities to the development of technology and
industry competitiveness. In the wake of the Bayh-Dole Act, several
US scholars have attempted to estimate the volume of academic
patenting showing its impressive growth. The number of patent
applications from universities yearly to the US Patent and Trademark Office (USPTO) has grown much faster than applications from
business companies and individuals, from less than 100 in the
1960s to more than 3000 at the end of the 1990s (Henderson et
al., 1998; Mowery et al., 2001; Sampat et al., 2003). From a different perspective and using a different methodology, some authors
explore the contribution of university research to industrial innovation more directly, via interviews or surveys (Mansfield, 1995;
Agrawal and Henderson, 2002). Alongside inter-industry differences in the relationship between university and industry, these
studies generally show that industry respondents rate academic
patents and licences as one of the least effective sources of knowledge, compared to scientific publications, conferences and informal
interactions with academic researchers.
In recent times, the focus on university–industry relationships
and knowledge transfer seems to have shifted somewhat from
a macro (i.e. organisational and institutional) level research to a
more micro (i.e. individual) level of analysis. In addition to the
greater availability of data, there are two main reasons for this shift.
First, there is increased concern over the adoption internationally
of legislation emulating the Bayh-Dole Act and the accompanying need to test the effect of academic patenting on the scientific
productivity of researchers. Second, scholars are becoming increasingly aware that an exclusive focus in technology transfer studies,
on institutional characteristics, may preclude new insights into
the channels through which knowledge flows from university to
industry and the individual characteristics that may affect the
choice to patent (Owen-Smith and Powell, 2001; D’Este and Patel,
2007).

15

On the first point, since the Bayh-Dole Act was passed in 1980,
many observers have raised concerns about the potentially negative effects of the commercialisation of scientific discoveries for the
conduct of academic research. It has been argued that the financial
incentives from patenting and licensing could shift the orientation of scientists away from basic and towards applied research
and could undermine their commitment to the norms of open science, thereby leading to secrecy and publication delays. In order to
address these issues, many scholars have begun to compile large
data sets matching inventor names with scientific author names,
and to collect data on individual researchers’ patenting and publication performance (Azagra-Caro et al., 2006; Azoulay et al., 2006;
Van Looy et al., 2006; Breschi et al., 2007, 2008; Calderini et al.,
2007; Fabrizio and Di Minin, 2008).1 Although no consensus has
been reached, there is evidence that there is no apparent trade-off
between patenting and either quantity or quality of research output. Not only do scientists with better patenting performance tend
to exhibit superior publication scores with no decrease in the quality of output, but also the most productive scientists are those most
likely to become inventors.
A related stream of research focuses on the role of individual scientists in relation to knowledge spillovers from academic
research and knowledge transfer from university to industry more
broadly. The need for a better understanding of the mechanisms
of knowledge flows has sparked several attempts to trace personal links between academic researchers and private firms. In this
context, Cockburn and Henderson (1998) argue that the extent
of connectedness to the community of open science is a key
factor explaining the ability of firms to tap into scientific developments. Establishing linkages with the community of open science
may crucially affect their capacity to recognise and effectively
exploit upstream developments in basic research. Using qualitative information and data on scientific co-authorship, Cockburn
and Henderson show that firms strive to develop this capacity by
recruiting and rewarding researchers based on their ranking in
the hierarchy of public-sector science and their ability to engage
with the academic community. Along similar lines, Zucker et al.
(1998, 2002) suggest that the most successful biotech companies
are those that engage in co-authorship with university professors
and show that their commercial success, in terms of numbers of
products developed and commercialised, is positively related to
the eminence of the researchers with shareholdings and scientific board membership. Gittelman and Kogut (2003) show the
crucial importance to biotechnology firms of maintaining ties
with the open science community via boundary-spanning ‘gatekeepers’ who facilitate access to socially embedded knowledge.
Integrating scientific research at the level of individual scientists, i.e. including publishing scientists in teams of inventors,
seems to have more of an impact on the quality of the innovative output than firm-level scientific capabilities, measured by
the volume and quality of scientific publications.2 The crucial role
of corporate scientists in enabling flows of external knowledge
to corporate researchers is emphasised by Furukawa and Goto

1
A further motivation for European researchers to collect data on individual
researchers is related to the institutional peculiarities of the academic system in
Europe compared to the US. In particular, given the absence until recently of specific
legislation promoting university patenting, and the general lack of administrative
offices in European universities capable of handling patent applications, inventions
by academic scientists are often produced in collaboration with and patented by
private companies. Thus, the only way to assess the extent of academic patenting
in Europe is to match the names of inventors listed in patent documents to the lists
of academic researchers (Balconi et al., 2004; Lissoni et al., 2008).
2
The results in Cassiman et al. (2008) are slightly different and show that
invention-specific science linkages, as measured by citations in patents to scientific publications, are less important for the quality of innovation output than the
firm’s closeness to science, captured by the volume of scientific publications.
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(2006). Their results show that core scientists, defined as corporate researchers whose scientific papers are frequently cited in
other papers, while not responsible for a significantly higher number of patent applications than their fellow company researchers,
do have a positive impact on the innovative productivity of their
co-inventors.
Finally, another line of research has focused on the contractual
mechanisms and individual motivations behind the involvement
of academic scientists in collaborations with private companies.
Stern (2004) suggests that there might be a labour cost advantage
to firms hiring scientists as long as these individuals are willing to accept a lower wage in exchange for the opportunity to
keep abreast of high quality basic research. Audretsch and Stephan
(1996, 1999) and Jensen and Thursby (2001) argue that since scientists’ knowledge is characterised by high degrees of natural
excludability and, in many cases, academic inventions are disclosed at a proof-of-concept stage, firms need to recruit them as
partners or stakeholders in order to gain access to the knowledge
held by these individuals and to develop successful licensed inventions.
2.2. Networks of scientists and inventors
There is a long tradition in scientometrics of exploiting information on co-authorship of scientific papers to analyse knowledge
exchange among researchers, both within and across individual
companies and academic research groups, and to investigate social
networks of academic scientists (e.g. Kretschmer, 1994; Melin and
Persson, 1996; Persson and Beckmann, 1995). The most recent
efforts in this tradition draw extensively on graph theory and
social network analysis techniques, to show that the scientific coauthorship network is characterised by the structural properties
of small world networks (Newman, 2000, 2001, 2004; Wagner
and Leydesdorff, 2005). Broadly speaking, a small world network
is represented by a graph where the nodes are grouped around
tightly linked local cliques, but a relatively small number of steps
will connect every node in the network to every other node.
This type of structure is thought to be particularly important for
both the generation and the diffusion of knowledge. The high
degree of density and redundancy of the links within local cliques
ensures the formation of a common language and communication codes that enhance reciprocal trust and support the sharing
of complex and tacit knowledge among actors; the short cuts linking local cliques to different and weakly connected parts of the
network ensure rapid diffusion and recombination of new ideas
throughout the network and allow a degree of openness to new
sources of knowledge, mitigating the risk of lock-in that could arise
in the context of densely connected cliques (Cowan and Jonard,
2004).
Following the renewed interest in networks of collaboration,
some studies examine the properties of networks of co-invention
exploiting information contained in patent data. An important
result from these studies is that social proximity among inventors
in collaboration networks is a fundamental driver of knowledge
flows, captured by patent citations (Breschi and Lissoni, 2004, 2005;
Singh, 2005). At the same time, the co-invention network does not
seem to exhibit the structural properties of a small world graph.
The largest connected component in the network accounts for a
very small fraction of the nodes and the network appears globally
sparse, i.e. nodes are scattered across a relatively large number of
disconnected components (Fleming et al., 2007).
Another approach taken by some scholars is to combine coauthorship and co-invention data in order investigate the extent
to which the two communities – of academic scientists and industrial researchers – are linked. In an in-depth case study of tissue
engineering, Murray (2002) proposes a novel methodology based

on patent-publication pairs in order to analyse the co-evolution of
the co-patenting and co-publishing network. Her results show that
the scientific and technical networks remain distinctive and there is
little overlap between them. Nevertheless, the contribution of key
scientists to both domains is crucial through the creation of networks of co-inventors and co-authors and engagement in a wide
range of activities, such as advising, consulting, licensing and establishing new firms. Bonaccorsi and Thoma (2007) investigate teams
of inventors in the field of nano-technology, distinguishing among
only-inventor patents, i.e. inventors with no scientific publication
record, only-author patents, i.e. patents where all inventors have
at least one scientific publication, and author-inventor patents,
i.e. those named on the patent include inventors with no publications and publishing scientists. Bonaccorsi and Thoma show
that author-inventor patents tend to outperform those in the other
two categories in terms of patent quality. They interpret this finding as evidence that patenting teams with higher institutional
and human capital complementarities are also the most effective at realising and exploiting interactions between science and
technology.
Co-authorship and co-invention data should be interpreted
with some caution since the rules determining authorship and
inventorship can differ (Ducor, 2000). While the status of author
of a scientific article is the result of a negotiation process perhaps involving numerous members of a research team and may
vary according to the rules prevailing in the specific disciplinary
field, the notion of inventorship, at least in principle, has a more
precise legal meaning. At the same time, the number of author
names on a scientific article is frequently higher than the number of inventors listed in a corresponding patent: Lissoni and
Montobbio (2008) analyse this phenomenon empirically, examining 681 patent-publication pairs across different disciplinary fields.
Their results show that the first and last named authors have a relatively lower probability of being excluded from the list of inventors
on a patent and that senior researchers are also more likely to be
retained in the team of inventors.
2.3. Scope of this study
Building on the literature reviewed above, we provide an
exploratory analysis of the simultaneous embeddedness of
researchers in scientific and technological networks. First, we identify the set of scientific papers relevant to a given technological
field by exploiting information on citations to the scientific literature contained in patent documents; second, we use co-authorship
and co-invention data to investigate the connectivity between the
scientific and technological research networks. While most studies have focused on biotechnology and pharmaceuticals, or are
limited to a specific national or institutional environment (i.e.
academic inventors), the methodology proposed here allows us
to generalise some of the previous findings to other, less well
explored science-based industries, such as lasers and semiconductors, and to the global set of organisations. We also investigate the
structural positions of patenting-publishing scientists in the scientific and technological networks. Given the importance of the
role played by these scientists in connecting the two realms, it
is crucial to understand their location in the overall web of relations. Are these individuals central in both types of networks, or
are they prominent in only one (or none) of the two? How do
patenting-publishing scientists compare with their non-patenting
non-publishing peers in terms of their network locations? To what
extent do patenting scientists play the role of knowledge brokers
by spanning across structural holes between disconnected teams
of corporate researchers? What are the institutional origins of
patenting-publishing scientists? These questions are addressed in
the succeeding sections.
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3. Data and methodology
3.1. Data sources and matching procedures
The empirical analysis in this paper relies on a large, complex
relational data set that combines information on the lists of inventors on patent documents and the lists of authors of the scientific
publications cited in those patents. We use social network analysis
of co-authorship and co-invention ties to test the degree of connectedness between the two communities. The construction of our
data set started with the selection of technological fields for analysis of network links between scientists and inventors. We chose
three technological fields, i.e. lasers, semiconductors and biotechnology, which are characterised by a strong reliance on scientific
developments and, therefore (at least potentially) involve high levels of interaction among the individuals involved in science and
those involved in industrial research. For each of these technology
fields, we extracted all patent applications to the European Patent
Office (EPO) registered in the period 1990–2003, on the basis of the
primary International Patent Classification (IPC) code reported in
the patent documents.3
For every patent application in these three technology fields, we
identified and extracted citations to the so-called non-patent literature (NPL citations). These references derive from the search reports
produced by patent examiners to assess the novelty of inventions
and delimit the scope of their claims. NPL citations can include
scientific articles/journals, books, technical bulletins and manuals or indeed any dated, written disclosure or publication which
was made publicly available prior to a patent application (Michel
and Bettels, 2001). Although the number of NPL citations in patent
documents varies greatly across technology fields, the presence of
such references may be taken as an indication of the knowledge
indebtedness of the invention to the cited research.4
Given that NPL references can include items that are not considered scientific output, we implemented a procedure to identify
and select the subset of NPL citations that refer to scientific articles. We used a matching algorithm to pair each NPL citation to the
corresponding (if any) scientific article recorded in the Science Citation Index (SCI) data set.5 Table 1 presents some summary statistics
from the resulting data set. It should be noted that the percentage
of patents citing scientific literature, and science intensity – defined
as the ratio between total number of citations and total number of

3
The selected IPC codes are: H01S for lasers, H01L for semiconductors and C12Q,
G01N33 (/53,54,55,57,68,74,76,78,88,92) for biotechnology. For this last field, we
have followed the definition in OECD (2005) which includes biotechnology applications for measuring, testing and diagnostics.
4
Also, the average number of NPL references is sometimes seen as a fairly reliable
indicator of the extent to which a technology field depends upon or is related to the
scientific developments. Schmoch (1993) provides a detailed discussion of the reasons for citing scientific literature in patents. Meyer (2000) discusses the differences
between scientific and patent citations.
5
The SCI data set is a multidisciplinary database, produced by the Institute for
Scientific Information (ISI-Thomson), that covers the most important journals in
the natural and life sciences, providing information based on more than 5700 peerreviewed international journals across 178 subject fields. For the present analysis,
we used the online version of the database (www.isiknowledge.com/). Notwithstanding some limitations (for a detailed analysis see Callaert et al., 2006) the
scientific publications recorded in this database are a satisfactory representation of
internationally accepted high-quality “mainstream” basic and applied research, and
have become a standard reference for most studies of science-technology linkages.
The matching algorithm is rather complex and is decomposed in various stages. In
the first stage, we implemented a parsing algorithm in order to separate the string
of text containing the NPL reference into appropriate fields (i.e. article title, journal title, author names, etc.). In the second stage, we took the journal titles thus
identified and matched them to the list of journal titles covered by SCI. In the third
stage, all NPL references in the patents were matched with the source article (if any)
contained in the SCI. For each technology field we considered only journals that had
received at least 5 patent citations over the period 1990–2003.
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citing patents – differ across the three technology fields. Whereas
approximately four in ten patents in lasers and biotechnology cite
SCI papers, in the case of semiconductors the percentage is only
13.5%. This difference is probably due to the higher propensity for
technical inventions in semiconductors to rely on types of codified
knowledge (i.e. technical bulletins, standards, etc.), which are not
typically considered to be ‘science’. While citations to the scientific
literature represent a relatively large fraction of all NPL citations
in the case of lasers and biotechnology (respectively, 53% and 45%),
only some 20% of NPL citations in semiconductors refer to scientific
articles.
For the set of patent applications and scientific articles described
above, we compared the list of inventor names in the patent document with the list of authors on the cited scientific publications
and matched them to identify individuals responsible for both
a patented invention and a cited scientific publication.6 In this
respect, we had to deal with a major problem related to the fact that
patent data report inventors’ first names and last names, whereas
the ISI-SCI data set records last name and initials of authors. There is
a risk, therefore, in performing a simple matching by surname and
first initial, of identifying different individuals as the same person,
which could lead to an overestimation of the number of publishingpatenting scientists. To resolve this, we first standardised inventor
and author names and surnames and conducted desktop research
involving a lot of manual checking and the use of several sources
of information. The primary source was author affiliation recorded
on the publication and inventor affiliation recorded in the patent
document. We also used sources such as SCOPUS,7 the Internet,
and university and company websites. We adopted a conservative
approach, only matching two individuals (i.e. author and inventor)
if we were reasonably confident that they were the same person.
Table 2 reports the total number of inventors, scientific authors
and author-inventors (i.e. publishing and patenting scientists) in
our data set. Patenting-publishing scientists represent around 21%
and 18% of all inventors in lasers and biotechnology respectively,
but just 4.5% of all inventors in semiconductors. And the fraction of
all scientific authors that also patent is 24% for lasers and 13% for
biotechnology.8

6
It should be noted that we used citations in patents to scientific articles to delimit
the boundaries of the scientific community relevant to a certain technology field.
Previous studies adopt different approaches to delimiting the set of scientific papers
and authors to be associated to a given technology field. These include keyword
search strategies (e.g. Meyer, 2006a,b; Bonaccorsi and Thoma, 2007), lexicographic
approaches to pairing patents and publications (e.g. Bassecoulard and Zitt, 2004),
and hybrid methods to match the titles of patents and scientific publications (e.g.
Leydesdorff, 2004). The approach used in this paper is rather conservative. On the
one hand, it could exclude a few authors and papers, which, although not cited
in patents, have contributed to the generation of the patented technical inventions. On the other hand, by including only authors and papers cited in patents,
we avoid the risk of considering authors and papers not related to the technology
fields in question. We also conducted a benchmarking analysis in order to determine
whether publications cited in patents are cited more widely, i.e. are also (highly)
cited by other scientific articles. We compared the average number of citations to
publications cited in patents from other publications, with the corresponding average for publications not cited in patents, controlling for publication year, journal
title and subject field. Our results show that scientific publications cited in patents
belonging to the three technology fields analysed, on average, receive a far larger
number of citations from other scientific publications than articles that are not cited
in patents. Overall, we believe this result validates our methodology by ensuring
that we do not analyse a random and unchecked sample of publications, and are
focusing upon probably the most important publications (and authors) in each field.
Results of the benchmarking analysis are available at http://ec.europa.eu/invest-inresearch/pdf/download en/final report hcp.pdf.
7
The SCOPUS database produced by Elsevier provides detailed information on
institutional affiliations and full first names and last names of authors of scientific publications. It covers around 15,000 peer-reviewed journals, including most
of those included in the SCI.
8
It is worth remarking once again that these fractions should be interpreted
in the light of the methodology described above in the text. In particular, it is
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Table 1
Patent-publication data set: summary statistics.
Lasers
Number of patent applications
Number of NPL citations
of which citations to scientific articles
Number of cited scientific articles
of which published before 1990
of which published after 1990
% of patents citing scientific articles
Science intensity·100 (all patents)
Science intensity·100 (only patents citing articles)

4,057
6,994
3,756
2,698
644
2,054
40.3
92.6
229.4

Semiconductors

Biotechnology

26,778
32,699
6,700
5,059
1,694
3,365
13.5
25.0
185.2

13,192
30,582
13,940
10,448
1,394
9,054
39.6
105.1
270.5

The table reports the overall number of patent applications registered in the period 1990–2003 for each of the three technology fields, as well as the total number of NPL
citations, the total number of citations to scientific articles and the number of scientific articles cited by these patents. It also reports the fraction of patents citing science,
and science intensity defined as the ratio between the total number of citations and the total number of citing patents. Patent applications are dated based on the priority
year; cited scientific articles are dated based on publication year.
Table 2
Number of inventors, authors and authors-inventors.

Number of inventors
Number of scientific authors
of which authors-inventors
Authors-inventors as % of inventors
Authors-inventors as % of authors

Lasers

Semiconductors

5,962
5,115
1,231
20.6
24.1

37,790
10,200
1,689
4.5
16.6

3.2. Measuring network linkages among authors and inventors
In order to analyse the network linkages among scientists
and inventors, we exploit information on co-authorship and coinvention from our data set. We assume that two inventors
(authors) who have collaborated in the production of a patented
invention (scientific publication) are connected by a tie, which
means that they are linked by some kind of knowledge exchange
and have a common knowledge base. Fig. 1 depicts an example
of this main idea, which is of a hypothetical network of 17 scientific authors, 13 inventors and 3 author-inventors, identified
respectively by the suffixes A, I and AI. Each individual is represented by a node, while the edges between two nodes indicate
that these nodes (individuals) have collaborated over a scientific
publication or a patented invention.9 The network consists of two
layers. The top layer consists of the authors of scientific publications and their links, i.e. refers to the co-authorship network. The
bottom layer consists of the inventors of patents and their links,
i.e. refers to the co-invention network. Connectivity between the
two layers is realised by individuals (i.e. authors-inventors) connected to both networks through co-authorship and co-invention
relationships. Three types of nodes can be identified: only-authors
(i.e. individuals that participate in the co-authorship network only),
only-inventors (i.e. individuals that participate in the co-invention
network only) and authors-inventors (i.e. individuals active in both
networks).
Author-inventors play a fundamental role in two respects. On
the one hand, they connect the communities of scientists and

important to point out that authors-inventors are defined as researchers that have
produced patents in the examined technological fields and that have been authors
of scientific articles cited by patents in these fields. Some researchers identified as
only-inventors might actually be authors of scientific articles, which are either not
cited at all in patent documents or are cited by patents in other technological fields.
Similarly, some researchers identified as only-authors might actually be inventors
of patents, which however are classified in other technological classes than the ones
considered here.
9
Formally, Fig. 1 is a one-mode projection of a two-mode (affiliation) network
(Wasserman and Faust, 1994). Note that the position of nodes, and the length of
edges in the network are not significant.

Biotechnology
26,013
36,600
4,687
18.3
12.8

inventors, and act as gatekeepers or knowledge brokers thereby
ensuring more rapid diffusion of knowledge and ideas between
domains. On the other hand, they bridge different communities of
otherwise disconnected inventors. This idea is illustrated in Fig. 1:
if we focus on the co-invention network (i.e. the bottom layer)
and disregard the relations arising from co-authorship, we can see
that the network of inventors is characterised by three disconnected components.10 The smallest one is comprised of three nodes
[I1,I2,AI3]; the next one has four nodes [I3,I4,I5,AI2], and the largest
component has nine nodes [from I6 to I13 plus AI1]. However, if we
consider both types of relations simultaneously, we can see that
the three components in the co-invention network are connected,
albeit indirectly, through the participation of author-inventors in
the co-authorship network. Fig. 2 provides a graphical illustration
of this, with the solid lines representing direct relations among
inventors through co-invention, and the dashed lines representing
indirect relations among authors-inventors via the co-authorship
network. For example, the largest and the second-largest component identified above are indirectly connected through individuals
AI1 and AI2 who have both co-authored with scientist A8.11
Likewise, the smallest and the second-largest component in the
inventors network are also indirectly connected since authorinventors AI2 and AI3 have co-authored, respectively, with authors
A8 and A4. These latter have co-authored one or more publications,
however, thus there is an indirect bridge between the two separate
teams of inventors.

10
A component of a graph is a subset of nodes (i.e. a subgraph) such that a path
(i.e. a sequence of distinct lines and nodes) exists between all pairs of nodes in the
subset, but no path between nodes in the subset and other nodes not in the subset.
11
Note that a similar representation, comprising indirect relations via coinvention, could be applied to the network of co-authorship. It is also important to
note that in the example reported in the text, relations among disconnected components are ‘indirect’ in the strict sense of the term. E.g., the largest and the second
largest components in the example are indirectly connected to each other because
AI1 and AI2 have a common co-author (i.e. A8). In technical terms, the geodesic
distance between the two individuals, and therefore between the components they
help to connect, is equal to 2 (i.e. the number of edges separating them). Yet, in
theory and in the real world, the connection between two inventor components via
co-authorship may well be ‘direct’. This would be the case if the two individuals in
our example, e.g. AI1 and AI2, had co-authored one or more publications.
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Fig. 1. A hypothetical network of inventors and scientific authors.

4. Structural properties of network
We constructed co-authorship and co-invention networks for
each of the three technological fields by taking all patents (and
their inventors) registered in the period 1990–2003, and all scientific articles (and related authors) cited by those patents and
published in the same period of time. Our analysis focuses on the
structural properties of the network which has evolved over the
14 year period covered by the data set.12 In order to evaluate the
extent of connectivity between the networks of co-authorship and
co-invention, we constructed three networks: i) one that includes
only co-invention ties (i.e. co-invention network); ii) one network
that includes only co-authorship ties (i.e. co-authorship network);
iii) one that includes simultaneous co-authorship and co-invention
ties. For each of the three networks, we calculate three indicators
of connectivity among nodes:
1. the largest connected component of the network—in absolute
terms and as a percentage of the nodes in the network;

12
Given the objectives and the exploratory nature of the analysis, here we do
not deal explicitly with network dynamics. Network relations formed through coauthorship or co-invention before 1990 are not considered. We also rule out the
possibility that relations decay over time. Of course, to the extent that the effectiveness of collaborative ties as conduits of knowledge decays over time, we could
have removed older patent applications (and publications) in order to construct a
network of social linkages among inventors and scientists. However, in the absence
of clear rules to establish the decay of social links, we assume here that all links
formed during the period examined are equally effective as means of knowledge
transfer. Given the relatively shortness of the time period examined and given the
robustness of our empirical findings with respect to the definition of shorter time
windows, we think that this assumption is reasonable.

2. the percentage ratio between the number of reachable pairs of
nodes and the total number of possible pairs of nodes in the
network.13 This index is defined formally as:
R=

!

r
i≥j ij

(1/2)n (n − 1)

(1)

where rij = 1 if node i can reach node j by a path of any length,
and 0 otherwise. In a network with n nodes, the denominator is
the total number of possible pairs of nodes;
3. the average geodesic distance among the nodes in the largest
component. Average distance measures the number of steps
required to connect two randomly selected nodes and is often
used as a measure to quantify the efficiency of a network in terms
of connecting nodes and facilitating flows of information (Cowan
and Jonard, 2004).
Results are reported in Table 3. The first column reports
the results of the connectivity analysis by considering only coinvention ties. Note first that the extent of connectivity among
inventors is quite low, particularly in lasers and biotechnology
where the largest connected components account for a small fraction of all inventors, respectively 13.9% and 9.3%. In other words,
the co-invention network appears highly fragmented with a very
large of number of small, disconnected components. This interpretation is corroborated by the very low fraction of reachable pairs of
inventors, respectively, 1.0% and 2.6%. This is not so surprising given
the institutional norms regulating the world of ‘private technology’

13
A pair of nodes is said to be reachable if the two nodes are connected by a path
of finite length.

20

S. Breschi, C. Catalini / Research Policy 39 (2010) 14–26

Fig. 2. Network of co-invention including indirect relations via co-authorship.
Table 3
Network connectivity.
Co-invention
Lasers
Largest component (# of nodes)
as a % of all inventors
as a % of all authors
as a % of authors-inventors
Reachable pairs of inventors
Reachable pairs of authors
Average distance
Semiconductors
Largest component (# of nodes)
as a % of all inventors
as a % of all authors
as a % of authors-inventors
Reachable pairs of inventors
Reachable pairs of authors
Average distance
Biotechnology
Largest component (# of nodes)
as a % of all inventors
as a % of all authors
as a % of authors-inventors
Reachable pairs of inventors
Reachable pairs of authors
Average distance

830
13.9
24.8
2.6
–
9.9
12,652
33.8
49.1
13.5
–
13.7
2,370
9.3
11.1
1.0
–
11.4

Co-authorship
3,185
62.3
70.1
–
39.7
7.9
5,803
56.9
54.3
–
33.1
8.9
22,900
62.6
63.9
–
39.5
7.3

Co-invention and co-authorship
5,103
43.6
68.0
79.4
22.4
47.2
8.2
20,478
39.6
68.4
79.5
18.5
47.7
11.4
31,789
41.0
68.0
75.9
18.4
46.6
7.9

(Dasgupta and David, 1994). The strategic importance to private
companies of keeping knowledge mainly proprietary is likely to
discourage both cross-organisational collaboration among inventors and mobility across teams of researchers. Given the weakness
of such ‘connection’ mechanisms, the fragmentation characterising
the co-invention network appears a rather natural consequence.
A partial exception to this pattern is the field of semiconductors
where the largest connected component accounts for around 34%
of all inventors, although the average distance among them is
quite large. There are two possible factors explaining the relatively
greater connectivity in the co-invention network of semiconductors. First, in this field, overall patenting activity and, thus, teams
of inventors are more concentrated in a smaller number of companies than in lasers and biotechnology. Second, the rate of mobility
of engineers across companies and teams of inventors is quite high
in semiconductors (Almeida and Kogut, 1999; Palomeras, 2005).14

Taken together, these two factors ensure that disconnected teams
of inventors are more likely to become connected by the mobility
of inventors both within and across organisations.
For the co-authorship network, our results show that this is
far better connected than the co-invention network (column 2 in
Table 3). The largest component comprises a large fraction of all scientific authors—57% in semiconductors, around 62% in lasers and
64% in biotechnology. Likewise, the fraction of reachable pairs of
authors is quite high in all three fields. Again, this broad picture
is consistent with other studies of scientific networks (Newman,
2001) and arguments in the new economics of science (Dasgupta
and David, 1994). The existence of one giant component connecting most of the nodes seems to be the expected outcome of the
incentive structure and the norms of openness and collaboration
prevailing in the realm of open science. At the same time, it is
interesting to note that the vast majority of author-inventors in the

14
In a sample of IBM semiconductor engineers, Palomeras (2005) shows that
movers represent 15% of all inventors in the sample, but account for 33% of all
patents. This implies that the most productive engineers are also those most likely to

move within and across firms. As highly productive engineers tend to have a larger
number of connections with other inventors, this likely explains the relatively high
connectivity in the co-invention network.
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fields examined are included in the largest connected component
of the co-authorship network, thereby indicating that patentingpublishing scientists are well integrated within the open science
community.
The last column in Table 3 reports the measures of network connectivity for the graph including simultaneous co-invention and
co-authorship ties. The most important point here is that the extent
of connectedness among inventors increases dramatically, particularly in lasers and biotechnology. The share of all inventors in the
largest connected components goes from 13.9% to 43.6% in lasers,
from 9.3% to 41.0% in biotechnology, and from 33.8% to 39.6% in
semiconductors. Similarly, the fractions of reachable pairs of inventors increase from 2.6% to 22.4% in lasers, from 1.0% to 18.4% in
biotechnology, and from 13.5% to 18.5% in semiconductors. Overall,
these results seem to indicate the existence of a much higher degree
of connectivity and a much larger set of communication channels
among teams of industrial researchers than might be assumed. The
key point is that this connectivity takes place through the indirect
linkages created via the co-authorship network, and the existence
of this knowledge transfer mechanism has been hidden thus far
by the fact that the co-invention and co-authorship networks have
been examined separately. Given the recent interest in the small
world properties of the co-invention network (e.g. Fleming et al.,
2007; Bettencourt et al., 2007), the message that emerges from this
result is that the extent of the social links among inventors measured by co-invention ties is likely to grossly underestimate the
extent of the social relations in which industrial researchers are
embedded. Thus, accounting explicitly for the indirect linkages created via the co-authorship network may greatly improve our ability
to capture the channels through which knowledge flows occur.
There are two other points to note. First, the fractions of
both scientific authors and authors-inventors in the largest connected component increase when co-invention ties are added to
co-authorship links. This implies that these types of nodes are
also indirectly linked via co-invention (see fn. 11). However, the
additional connectivity created through these indirect links is relatively lower than that observed for inventors when we account
for co-authorship ties, particularly in lasers and biotechnology.
For example, in the case of lasers, we observe that 70.1% of all
author-inventors are included in the largest component of the coauthorship network. If we also take into account co-invention ties,
this fraction increases only to 79.4%. Second, the average distance
among nodes in the largest component of the network comprising
both co-authorship and co-invention ties, presents the generally
low values typical of small world networks (Newman, 2001), especially in lasers and biotechnology.15 Overall, these results suggest
the existence of a relatively high degree of connectedness between
the two communities of researchers: scientific authors and industrial inventors are not only connected to each other, the distance
between them is relatively short, thereby ensuring (at least potentially) a rapid diffusion of knowledge from one realm to the other.
4.1. Network position of authors-inventors
In this section, we examine the structural positions in the network of specific types of nodes. In particular, we want to test to
what extent author-inventors occupy a more prominent position
than the other two groups (i.e. only-authors and only-inventors)
in the two networks in which they are simultaneously embedded.

15
In the 3 fields examined here, the average distance is slightly larger than might be
expected in a random graph with the same number of vertices and average degree of
nodes. However, it should be noted that the shortest possible distance among onlyinventors and only-authors, by construction, is always equal to 2, as both types of
actors are necessarily connected through the intermediation of an author-inventor.

The results reported above suggest that author-inventors play a
crucial role in ensuring a high degree of connectivity between the
communities of scientific and technological researchers. Individuals that both publish scientific articles and patent new inventions
bridge the academic and industrial worlds enabling access by
their industry partners, to new scientific knowledge and methods.
By connecting with authors-inventors, industrial researchers (i.e.
inventors) can keep track of the scientific advances relevant to their
activities. Thus, we would expect that author-inventors’ embodiment of stocks of valuable, tacit knowledge will make them more
attractive partners for other inventors. In social network analysis
terms, we would expect that author-inventors will be more central
and more ‘in between’ than only-inventors. A similar mechanism
may be at work on the side of science. By co-inventing with industrial researchers, author-inventors may gain access to a larger pool
of resources, both financial and material (i.e. costly equipment and
instrumentation), and ideas, which may positively affect their ability to build larger teams of scientific researchers and attract other
scientists for collaboration. To test these hypotheses, we computed
two measures of network centrality (for details, see Wasserman
and Faust, 1994):
1. betweenness centrality: this is an index that is widely used to
assess the extent to which a node occupies a central position in
the information flows within a network. Formally, the betweenness centrality of a node i is defined as the share of the shortest
paths connecting each pair of nodes j and k that pass through i:
CB (ni ) =

" gjk (ni )
j<k

(2)

gjk

where gjk is the number of shortest paths linking nodes j and k,
and gjk (ni ) is the number of such paths between j and k that contain node i. Betweenness centrality measures how many times
a node lies “between” two others, such that it must be activated
to enable knowledge exchanges among them. It is a measure of
‘gatekeeping’ as it captures the importance of a node to all other
nodes, as a channel of information. As the value of betweenness
centrality depends on the number of nodes in each connected
component, we standardised this index to values between 0 and
100.16
2. closeness centrality: this is defined as the inverse of the average
distance between a node and all other nodes reachable from it.
Formally:
CC (ni ) =

(n − 1)

!n

j=1

d(ni , nj )

× 100

(3)

where d(ni ,nj ) is the geodesic distance (i.e. shortest path) linking
nodes i and j and (n − 1) is the number of vertices that are reachable
from node i. The index captures the proximity of an actor to all other
actors in the network and can be interpreted as a measure of how
long it takes for information to spread from a given node to other
reachable nodes in the network (and vice versa). The value of the

16
If sk indicates the number of nodes in component k, the maximum theoretical
value of betweenness centrality is given by (sk − 1)(sk − 2)/2, which arises when an
actor falls on all geodesics linking all other actors in that component. Standardised
betweenness is computed therefore by dividing the value of (2) by (sk − 1)(sk − 2)/2
and multiplying it by 100. The range of the index is from 0 to 100. It is useful here to
refer to the example reported in Fig. 1 which shows that the overall network, considering both co-invention and co-authorship ties, contains one largest connected
component. However, if we focus only on the co-invention network there are three
distinct components. The size of these components is s1 = 9, s2 = 4 and s3 = 3. Taking
node I9, we can see that its betweenness centrality is equal to 7, as it lies on all the
shortest paths connecting node I8 to all other nodes. The standardised betweenness
centrality of node I9 is therefore equal to (7/28)·100 = 25.
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Table 4
Betweenness and closeness centrality in co-invention and co-authorship networks.

Lasers
Co-invention

Co-authorship
Semiconductors
Co-invention

Co-authorship
Biotechnology
Co-invention
Co-authorship

Authors-inventors

Only inventors

Betweenness
Closeness

7.95 (0.00)
45.31 (39.61)

2.53 (0.00)
38.48 (36.44)

Betweenness
Closeness

1.02 (0.002)
20.58 (13.88)

Betweenness
Closeness

4.10 (0.006)
27.86 (9.18)

Betweenness
Closeness

1.84 (0.00)
31.12 (12.94)

Betweenness
Closeness
Betweenness
Closeness

7.54 (0.00)
58.18 (57.14)
1.15 (0.00)
23.53 (14.47)

–
–

Only authors
–
–

10.387
4.592

0.33 (0.00)
17.22 (13.18)

0.58 (0.00)
12.55 (7.91)
–
–
1.94 (0.00)
42.48 (36.79)
–
–

Wilcoxon–Mann–Whitney z-score

–
–

15.669
6.334
17.627
13.044

0.47 (0.00)
18.75 (12.20)

9.432
7.826

–
–
0.16 (0.00)
17.86 (14.40)

18.892
21.405
33.005
4.415

The table reports average values for betweenness and closeness centrality for each of the co-invention and the co-authorship networks. Median values of the two indicators
are reported in parentheses.

index lies between 0 and 100; the value is highest when an actor
is adjacent to all other actors and the denominator is thus equal to
(n − 1). When interpreting the results, it is important to note that
higher values of the index mean that an actor is closer to, i.e. less
distant from, all other nodes in the network.17
We calculated separate centrality measures for the co-invention
and co-authorship networks. From Fig. 1 it is clear that authorsinventors – almost by definition – are more central than other
types of nodes when we consider the overall network formed by coauthorship and co-invention ties. For this reason, we calculate the
centrality of each node with reference to the specific component in
which it is located in either the co-invention or the co-authorship
network. In making this calculation, we consider only the subset of
nodes that are included in the largest connected component in the
overall network of co-invention and co-authorship ties.
Table 4 reports the average values for betweenness and closeness centrality respectively, for the authors-inventors and the
only-inventors and only-authors groups. Since the variables in both
cases are not normally distributed and tend to be highly skewed, we
ran the non-parametric Mann–Whitney–Wilcoxon test to assess
whether the sample of author-inventors comes from the same distribution as the only-inventors or only-authors. The results in the
last column of Table 4 reject this hypothesis in all cases, at the conventional levels of statistical significance, thereby suggesting that
author-inventors, on average, are more ‘in between’ and more centrally positioned than their peers in either the co-invention or the
co-authorship networks.
To provide further support for this interpretation, we examined the shape of the distribution. For each network, we ranked
the nodes according to their betweenness and closeness centrality values and grouped them into percentiles, focusing on nodes
in the top 75%, 90% and 95% of the distribution. For each percentile class, we evaluated to what extent authors-inventors are
disproportionately represented among the most central nodes by
computing the ratio of share of authors-inventors on all nodes
included in that percentile class, and share of authors-inventors on
all nodes. An index greater than 1 indicates that author-inventors
are over-represented in the nodes in a given percentile class of the
centrality distribution compared to their overall share of nodes in
the network. The results are reported in Table 5 and broadly con-

17
Referring again to Fig. 1, the closeness centrality of node I9 in the co-invention
network is equal to (8/15)·100 = 53.3.

firm that author-inventors are far more represented in the more
central nodes in both the co-invention and co-authorship networks
than might be expected based on their overall weight. Moreover,
the extent of over-representation increases with the upper percentiles of the distribution, suggesting that author-inventors are
more likely to be found in the right-tail of the distribution (i.e.
among the most prominent nodes) than only-inventors or onlyauthors. Overall, this suggests that author-inventors not only play
a crucial role in bridging the gap between the two communities
of scientists and inventors, they also occupy strategically important positions within each community. Far from being peripheral
and marginalised actors, author-inventors are highly central players in both domains, contributing to rapid diffusion of knowledge
and ideas between domains.
However, this conclusion requires some qualification since the
previous analysis does not tell us whether it is the same individuals that are central in both networks. It is possible that, although
author-inventors are disproportionately more represented in the
most central nodes in each network, the author-inventors occupying these positions in the two networks are different. To test this
idea, we computed a simple rank correlation coefficient of authorsinventors according to the value of betweenness and closeness
Table 5
Authors-inventors in the top percentiles of the centrality distribution.

Lasers
Co-invention
Co-authorship
Semiconductors
Co-invention
Co-authorship
Biotechnology
Co-invention
Co-authorship

p75

p90

p95

Betweenness
Closeness
Betweenness
Closeness

1.47
1.41
1.00
1.31

1.70
1.44
1.92
1.48

1.94
1.42
2.03
1.49

Betweenness
Closeness
Betweenness
Closeness

1.82
1.86
1.00
1.49

2.58
2.96
1.54
2.22

3.43
3.96
1.95
2.36

Betweenness
Closeness
Betweenness
Closeness

1.43
1.52
1.00
1.16

1.88
1.63
2.16
1.76

2.13
1.63
2.46
2.24

For each percentile class the table reports the ratio between share of authorsinventors in all nodes in that class and share of authors-inventors in all nodes. An
index greater than 1 indicates that authors-inventors are over-represented among
the nodes in a given percentile class.
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Table 6
Rank correlation coefficient of betweenness and closeness centrality in the coinvention and in the co-authorship networks.

Lasers
Semiconductors
Biotechnology

Betweenness (a)

Betweenness (b)

Closeness

0.181
0.082*
0.182

−0.186
−0.299
−0.200

−0.145
−0.087
−0.034*

The table reports the rank correlation coefficient of betweenness and closeness
centrality in the co-invention and co-authorship networks of authors-inventors.
Column (a) includes all authors-inventors, column (b) excludes authors-inventors
with zero betweenness centrality in both networks. All correlations are statistically
significant at the 1% level, except * significant at the 5% level.

centrality in the co-invention and in the co-authorship networks.
The results are reported in Table 6. The evidence is mixed and
does not lend itself to easy interpretation. Column 1 reports the
value of the correlation coefficient for betweenness centrality
considering all authors-inventors; the positive and statistically significant value of the coefficient seems to indicate the existence
of a broadly positive, although weak, association between the
rankings of authors-inventors in the two networks, at least for
lasers and biotechnology. However, if we exclude from the sample those author-inventors with zero betweenness centrality in
both networks (column 2), the rank correlation coefficient of the
two variables becomes negative and statistically significant, indicating that author-inventors that are highly ranked in one of the
networks tend to be relatively lower ranked in the other. In terms
of closeness centrality, the evidence indicates the existence of a
weakly negative rank correlation between the positions of authorsinventors in the co-invention and co-authorship networks. Overall,
these results would suggest that maintaining a highly central position in the scientific network may come at the expense of being able
to occupy a similarly very central position in the technological network (and vice versa). It is plausible that this may be related to the
institutional affiliations of different author-inventors. More specifically, we could test the hypothesis that corporate author-inventors
tend to be more centrally located in the co-invention network than
author-inventors from public-sector science. However, for the reasons explained below, this type of analysis is quite complex and
is beyond the scope of this paper. Thus, in what follows, our analysis is limited to an exploratory investigation of the institutional
affiliations reported in the articles of the most prominent authorsinventors.
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institutions reported in their scientific articles categorising them
into: companies, universities and public research organisations
(PROs).19 This allowed us to classify each scientific article by an
author-inventor according to the mix of institutional categories
reported in the list of affiliations. Also, we restricted attention to
scientific articles produced by European and US authors-inventors
and, among these, to the subset of articles by the top 25% authorsinventors based on betweenness centrality in the overall network
formed by co-invention and co-authorship ties.20 This is because
these are the scientists who are most likely to act as gatekeepers
between the realms of science and technology.
The results in Table 7 show that the share of articles by European authors-inventors where the only reported affiliation is a
company, is much lower than the corresponding share for US
authors-inventors. The picture is much the same if we include
articles produced jointly by companies and other institutions:
the share of articles by European authors-inventors with at least
one company affiliation is 48.6%, 31.2% and 18.5%, respectively
for lasers, semiconductors and biotechnology. The corresponding
figures for the US are 69.4%, 65.2%, and 41.3%. Conversely, the
share of the public scientific research system, i.e. universities and
PROs, is significantly higher for Europe than the US: the share of
articles by European authors-inventors affiliated to either a university or a PRO is 50.8%, 60.4%, 57.6%, respectively, for lasers,
semiconductors and biotechnology, while the corresponding figures for the US are 30.1%, 31.0%, and 40.7%. In particular, large
PROs in Europe – such as Commissariat à l’Énergie Atomique (CEA),
Centre National de la Recherche Scientifique (CNRS), Max-Planck
Gesellschaft, Fraunhofer Gesellschaft, Interuniversity Microelectronics Center (IMEC), Institut national de la santé et de la recherche
médicale (INSERM), Institut Pasteur, and European Molecular Biology Laboratory (EMBL) – seem to account for a remarkably larger
share of authors-inventors than their counterparts in the US, particularly in semiconductors and biotechnology. To the extent that the
ability of private companies to profit from scientific output generated in the scientific community depends on the level of absorptive
capabilities and, especially, on the existence of boundary-spanning
individuals, the fact that a remarkably large fraction of the scientific activity of European authors-inventors takes place within
the boundaries of universities and PROs might be a major factor
explaining the apparent weakness of Europe in achieving effective knowledge transfer from science to industrial applications.
However, we are reluctant to draw this conclusion for several
reasons.21 Our findings may reflect the relatively smaller size of

4.2. Institutional affiliation of authors-inventors
Given the importance of authors-inventors in bridging between
science and technology, we are interested in their institutional affiliations. Assigning institutional affiliation to the authors-inventors
sample is not a trivial task. First, the affiliations reported in patent
documents may reflect the patent right assignees, rather than the
actual affiliation of the inventor, especially in the case of Europe
(Lissoni et al., 2008). Second, the SCI database reports the affiliations
for all authors of an article, but it does not link individual authors
to institutions. Although there are partial solutions to this problem, such as assuming that an affiliation applies to an author if she
is listed as the corresponding author, the sole author, or only one
affiliation is indicated, this still entails a degree of arbitrariness.18
Thus, we avoided making any assumptions about author-inventors’
institutional affiliations. Instead, we looked at the list of all the

18
The SCOPUS database (http://www.scopus.com/) includes the institutional affiliations of authors of scientific articles. However, this affiliation is their current
affiliation and since our analysis refers to 1990–2003, we cannot exclude the possibility that the affiliations of the individuals in our sample may have changed.

19
This last group includes government laboratories, public and private non-profit
research organisations, non-teaching hospitals, etc. Although this classification
method encompasses some arbitrariness, we believe that it does not have a major
impact on the results. In only very few cases we were unable to classify the type of
institution; for the vast majority of papers the type was unambiguous.
20
To locate authors-inventors, we used the inventor addresses reported in patent
documents, as these are most likely to reflect the place of work of the authorsinventors. Europe includes the EU-15 member states; US includes the United States
and Canada. We also include in the analysis only articles by authors-inventors with
reported affiliations in either Europe or the US. In other words, articles with authors
with affiliations including Europe and the US were excluded. These latter types
of co-authored articles represent less than 5% of all articles by European and US
authors-inventors in lasers and semiconductors. Biotechnology is somewhat of an
exception with around 20% of the articles by European and US authors-inventors
in our sample being internationally co-authored. This is another reason for some
caution in interpreting these results.
21
We want to thank two anonymous referees for drawing attention to alternative
interpretations of our results: first, we should point out that our analysis is based on
European patent data. Thus, the results might simply be a reflection of the fact that
US-based universities and PROs have fewer incentives than US-based companies to
extend their patent applications to Europe (although recent evidence shows that US
universities tend to dominate their European counterparts also in terms of owned
EPO patents, see Van Looy, 2009) Second, we should take account of the different
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Table 7
Distribution of scientific articles of the most central authors-inventors by institutional affiliation.
Lasers

Semiconductors

Biotechnology

Europe
Company
Company-University
Company-PRO
PRO
PRO-University
University
Company-PRO-University
Total

45.7
2.3
0.6
9.8
0.6
41.0
–
100.0 (77/173)

21.0
6.6
3.6
24.5
8.4
35.9
–
100.0 (138/167)

5.9
6.1
2.6
29.5
23.8
28.1
3.9
100.0 (303/538)

United States
Company
Company-University
Company-PRO
PRO
PRO-University
University
Company-PRO-University
Total

63.8
4.7
0.9
4.4
0.5
25.7
–
100 (107/428)

55.3
8.7
0.7
1.6
3.9
29.4
0.5
100.0 (190/439)

23.1
10.5
2.8
11.4
18.0
29.3
4.9
100.0 (560/1140)

The table reports the percentage distribution of scientific articles produced by the top 25% of authors-inventors based on betweenness centrality, in the largest component
of the overall network formed by co-authorship and co-invention ties, according to the mix of institutional affiliations reported in their articles. Numbers of authorsinventors/numbers of articles analysed are reported in parentheses.

major European corporate players compared to US ones, the lack
of integration between the different national innovation systems
and differences in labour mobility. Thus, although the preliminary
findings reported here suggest a relationship with the controversial
issue of the alleged inability of European companies to translate
high-quality scientific output into profitable innovations (Dosi et
al., 2006), we would recommend further research to provide more
robust conclusions.
5. Discussion and conclusions
The preliminary findings from this exploratory analysis of the
research networks linking the communities of scientists and inventors potentially help to improve our understanding of the processes
driving the transfer of knowledge from science to industry, and
open up several avenues for further research. First, our results show
that, in spite of the different objectives and incentive structures,
the two communities of researchers are connected to a relatively
large extent. In particular, the structural properties of the network formed by co-authorship and co-invention ties may facilitate
the spread of knowledge from one realm to the other. However,
it should be pointed out that a pure structural analysis, such as
described in this paper, is not informative about the extent to which
knowledge actually travels via the social ties examined here. In this
regard, a fruitful avenue for future research might be to investigate
whether and to what extent the ability of firms to exploit scientific
knowledge depends on the position of their researchers within the
scientific and technological research network. At the same time,
our results provide a caveat to the use of data on co-invention ties.
Given the recent interest in the small world properties of the coinvention network, an important message from our results is that
the extent of the social linkages among inventors measured by coinvention ties, is likely to grossly underestimate the extent of the
social relations in which industrial researchers are embedded. By
neglecting the indirect links among inventors created via the co-

practices between Europe and the US, concerning the way that author-inventors
assign institutional addresses in their publications. For instance, if US academic and
PRO scientists who conduct research leading to a patent, in a firm’s facilities, use the
company address in a resulting publication (which also avoids problems related to
the ownership of intellectual property rights), this might explain the larger fraction
of corporate articles in the US than in Europe (Zucker and Darby, 2001).

authorship network, structural analyses of co-invention networks
are likely to provide a severely distorted picture of the extent of
connectedness among industrial researchers.
Second, certain individuals, i.e. authors-inventors, play a key
role in connecting the scientific and technological research communities, by acting as gatekeepers that bridge the boundaries between
the two domains. The analysis in this paper shows that such individuals occupy prominent positions in both the scientific and the
technological networks, fulfilling the crucial function of knowledge
brokers between the two domains. However, our findings also show
that maintaining a highly central position in the scientific network
comes at the expense of being able to locate in a similarly central position in the technological network (and vice versa). In this
respect, our analysis also suggests that a major weakness in Europe
in achieving more effective knowledge transfer might be related to
the relatively weak involvement of European corporate inventors
in the world of open science and to a lack of researchers able to
span the boundaries between science and technology. In order to
test this conjecture, however, a further data collection and analysis effort would be needed to check the institutional affiliations of
authors-inventors. A promising avenue for further research might
be to examine when and under what circumstances publishing scientists are likely to be involved in the development of patented
inventions.
Finally, we would stress the limitations of our study. The first,
perhaps not so obvious limitation refers to the cost of conducting a
large scale analysis of co-authorship and co-invention networks.
Collecting and cleaning data on a large number of individual
researchers involves huge amounts of time and resources. Examining a small sample of individuals may not be feasible if the purpose
is to analyse the structure of the entire network. A very important
concern in social network studies is how to define the network
boundaries, i.e. which actors to include. The key point here is that if
the boundaries are defined in a too restrictive way, in order, e.g., to
reduce the size of the sample, this will risk excluding some important actors and ties and could produce a biased picture. The present
study is not completely free of these problems. Although justifiable
on methodological and theoretical grounds, we cannot rule out the
possibility that the strategy we adopted to delimit the boundaries
of the relevant networks, i.e. by analysing only scientific papers
cited by patents in a specific technological field, excludes some relevant articles and scientific authors. Finally, it is important to point
out that social network analysis based on bibliometric indicators
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cannot substitute for more in-depth analysis of the different, often
informal mechanisms through which science and technology interact. At the same time, we believe that careful use of the tools offered
by social network analysis and equally careful interpretation of
results could make an important contribution to the design of more
qualitative studies aimed at capturing the subtleties involved in the
interactions between the two worlds.
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